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Abstract  

By the first of November 2013 there will be a new legislation introduced in the European Union 

to improve road safety, which is being developed by the United Nations Economic Commission 

for Europe. The new legislation will make it mandatory for all heavy-vehicles to have an 

Advanced Emergency Braking System (AEB system). This means that they need to be equipped 

with a system which has the capability of braking the vehicle if it is about to crash into the rear 

of a vehicle in front, provided that the driver does not make any action. This Master’s thesis, 

which was initiated by Scania CV AB, covers the topic of making sure the AEB system never 

interferes with the drivers impending evasive maneuver. It presents three possible methods for 

identifying situations for when the drivers control should not be interfered. The requirement of a 

method, which has been provided by Scania CV AB, is that it should rely on minimal sensor 

input and require little computational resources. One of the three proposed methods meets these 

requirements well and has thus been further developed into an implementable on-board function. 

This method has been tested in simulation software as well as in an actual truck with promising 

results; the method correctly classified all the evasive maneuvers it was tested with. It can 

however be noted that there are situations which gets erroneously classified as an evasive 

maneuver, although none which have proved to be relevant since the AEB system is not 

operating in these situations.  
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1 – Background  

The European Union has announced that they by the first of November 2013 will introduce a 

new regulation to improve road safety. This regulation is being developed by UNECE (United 

Nations Economic Commission for Europe) and will make it mandatory to include an Advanced 

Emergency Braking System (AEBS/AEB system) in new types of heavy commercial vehicles, 

i.e. trucks and busses. The concept of an AEB system is described in a UNECE press release [4] 

as: “AEBS employ sensors to monitor the proximity of the vehicle in front and detect situations 

where the relative speed and distance between the two vehicles suggest that a collision is 

imminent. In such a situation, emergency braking can be automatically applied to avoid the 

collision or at least to mitigate its effects. According to a European study this could save 1000 

lives and 4000 injuries per year in the European Union alone, and many more worldwide since it 

will encourage manufacturers to fit AEBS as standard on trucks and coaches for a wider range of 

markets.” 

Figure 1.1 – A Scania truck on road. 

This report is the result of a Master of Science thesis project performed under supervision from 

the school of Electrical Engineering at KTH, Stockholm. It has been initiated by Scania CV AB 
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and been performed in their Research and Development facilities in Södertälje, Sweden. Scania 

CV AB is a Swedish manufacturer of heavy commercial vehicles. 

To be able to fulfill the new regulations when they come in effect, Scania CV AB are developing 

their own version of an AEB system. This system will, among standard vehicle sensors, utilize a 

radar and a camera to monitor other vehicles in front to determine their relative distance, relative 

velocity and relative acceleration. When this system is to make a decision about decelerating the 

vehicle, it is important to make it such that the driver does not feel his control of the vehicle is 

compromised. This is important because 

 The driver is the one who is and should be legally responsible for the consequences of 

driving the vehicle. 

 It is not reasonable to expect this kind of system to correctly interpret all possible types of 

situations.  

The implication of this is that the AEB system will be designed to first warn the driver if a 

collision is imminent. If the driver is still not doing anything or not doing enough to avoid the 

collision, the system should decelerate the vehicle.  

One of the difficult situations that the AEB system has to manage is when: 

1. a collision risk is identified 

2. the AEB system is initiating interaction 

3. the driver performs an evasive maneuver.  

In order for the driver to have maximal vehicle handling capability, braking should preferably 

not be done at the same time as the heavy steering involved in an evasive maneuver. Notable is 

also that there are cases for when it is already too late to successfully perform an evasive 

maneuver. In order to make a correct decision in all cases of evasive maneuvers it is however 

first necessary to be able to detect that the driver is performing an evasive maneuver. This 

detection process is what is covered by this report.  
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2 – Problem definition 

The purpose of this Master’s thesis is to create an implementable function able to detect if an 

evasive maneuver is performed, i.e. a maneuver intent to avoid a rear-end collision with an 

obstacle in the same lane. The input of the function will be sensor data from vehicle dynamics, 

driver commands and target data provided by a sensor fusion of a camera with object detection 

capability and a radar. The output of the function will be a true or false value of whether the 

driver is assessed to be performing an evasive maneuver or not. The time delay between the start 

of the maneuver and the detection of it is shall be as small as possible. The detection of the 

maneuver has to cover the whole maneuver, although it is not as important if the detection covers 

also a few seconds afterwards. It is also requested that this function is implementable on a 

commercial vehicle.  

In the scope of this Master’s thesis, the definition of an evasive maneuver is a maneuver 

performed to quickly change direction of travel in order to avoid an imminent danger. When 

driving a heavy-vehicle such as a truck or bus this is performed by rapidly handling the steering 

wheel of the vehicle.   

 
Figure 2.1 – Sketch describing the two scenarios and the two phases. Here it can be seen that 

the scenarios are much alike in the first phase. 

There are however two different scenarios (see Figure 2.1) of evasive maneuvers which can be 

divided according to the intention of outcome of the maneuver: 

1. Only regard to escape the imminent danger and little or no regard to a possible new 

danger, primarily by just steering away from the danger without regard to what will 

happen next. 

2. Regard to both escape the imminent danger and to make it unharmed, primarily by 

steering into a new path along the same road (i.e. rapid line change). 
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These two differ mainly by how the driver handles the steering wheel after the first direction 

change. I.e. evasive maneuvers can also be divided into two concurrent phases 

1. Driver changes direction of travel of the vehicle in order to get off the collision path. 

2. Driver attempts to get vehicle onto a new path, unless a crash has occurred.  

Both of the scenarios are principally equivalent in the first phase and the detection of the evasive 

maneuver also shall be done in the first phase. Of this reason phase 1 need to be considered and 

it is not important that both scenarios are considered. Since there is no existing log data 

containing scenario 1, it will in the continuation of this report be scenario 2 of the evasive 

maneuvers that is regarded unless else is specified. 
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3 – Method and Verification 

In order to understand how an evasive maneuver can be detected, it is necessary to determine 

which signals that are affected by the maneuver. An interesting question to ask is how would a 

passenger in the front seat realize that the driver is initiating an evasive maneuver? The things he 

would experience are chronologically: 

1. See the risk of colliding with something in front of the vehicle 

2. See that the driver handles the steering wheel very rapidly 

3. Feel that the yaw rate increases rapidly in one direction (by centripetal force/see 

environment move) 

Using an ECU to monitor signals, number 2 and 3 are measurable and computable using a gyro 

and an angular sensor in the steering wheel (further discussed in Section 3.3). Number 1 is 

however more complex but is made available through the use of target data from the radar and 

camera sensor.  

In this chapter it is presented how the world can be interpreted and how the driver’s intentions 

can be estimated. Further, the signal characteristics able to differentiate evasive maneuvers from 

other maneuvers are discussed and three different methods of detecting evasive maneuvers are 

proposed and compared with each other.  

3.1 – Sensors for target detection 
There are several different types of sensors which can be used by an AEBS system to estimates 

the target data. Common sensors are  

1. RADAR (RAdio Detection And Ranging) 

2. LIDAR (LIght Detection And Ranging) 

3. Camera with image recognition 

All of these systems are dependent on advanced interpretation software and have their own 

advantages and disadvantages. For example, a RADAR system would be effective with finding 

objects and determining their relative distance and velocity while not especially effective with 

determining the type of the objects. A RADAR also has superior capabilities to penetrate any 

weather condition. In comparison, a camera with object detection capability would be able to see 

objects and thus identify their type fairly well but not be as effective with determining exact 

distance and relative velocity. The camera would also be sensitive to bad weather conditions. A 

LIDAR is basically a combination of a camera and RADAR since it beams photons in the visible 

or near-visible wavelengths and measures the time it takes for the beam to reflect back from a 

target to estimate its distance. It is advantageous for accurately determining relative distance and 

velocity for a specific object but is neither good for identifying the type of objects nor doing so 

under bad weather conditions. However, the use of both RADAR and a camera in the same 
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system makes it possible to get the best out of the two worlds, by utilizing sensor fusion to 

combine the advantages of both systems into one system. 

3.2 – Estimating the steering intention of the driver 
To analyze the driver’s intentions it is necessary to interpret what response he expects from the 

steering wheel as well as from the different pedals. This is of course something that has been 

worked on for years in the automotive industry. An especially similar concept is the Electronic 

Stability Programme (ESP), also known as Electronic stability control (ESC). This system first 

became standard in passenger cars already in 1995 and is becoming standard on all new car 

models [6]. The European Parliament decided that it will be mandatory for all new passenger car 

models in the EU starting from November 2011 [2]. 

The basic principle for how the ESP works is that it estimates what yaw rate the driver desires 

while measuring what yaw rate the vehicle has, using a gyro. If there is a significant difference 

between these the vehicle is skidding and the ESP system will start interacting by actuating the 

wheels individually to counteract the skid [5]. Most systems interact by braking one or two 

wheels although there are enhanced ESP systems on passenger cars also able to distribute torque 

such that individual wheels can be actuated.  

3.2.1 – Estimating yaw rate 

Out of ESP the principal of estimating the desired yaw rate of the driver is what is interesting for 

this thesis. In a publication done by The Ford Motor Company in 1999 [11] it is described how 

the yaw rate,  , can be estimated using Equation [3.2.1]. 

   
   

    
   
 
  

  [3.2.1] 

In Table 3.2.1 the notations are explained and in Figure 3.5.1 a few are illustrated.  

Table 3.2.1 – All important notations for this section described. 

Variable Unit Comment 

        Angle of front wheels relative the vehicles longitude direction, i.e. 

relative vehicles direction of travel 

        Yaw rate 

      Velocity 

      Wheelbase, i.e. distance between front and first driven rear axle 
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      Under-steering coefficient 

            Angular offset of the steering wheel  

       Gravitational acceleration 

        Gear ratio between steering wheel and front wheels 

 

There are however four different types of yaw rates; 

1. Actual yaw rate    

2. Measured yaw rate    

3. Desired yaw rate    

4. Estimated desired yaw rate    

Because ESP systems are becoming standard in all types of vehicles and it requires a gyro, it is 

safe to assume that the actual yaw rate of the vehicle can be measured. I.e.    is known, which 

due to measurement noise is approximately equal to   . 

Even though the yaw rate is a quite complex function, an experienced driver will have a fairly 

good feeling of what yaw rate he can expect when turning. Therefore the vehicles actual yaw rate 

and the desired yaw rate will be equal, neglecting a short delay, for what can be regarded as 

normal conditions. I.e. in conditions where neither skid nor aggressive turning is occurring. The 

intention of using Equation [3.2.1] is to estimate the desired yaw rate,   , that the driver is 

expecting when turning the steering wheel,   .This will make it possible to estimate the drivers 

desired yaw rate even under non-normal conditions. 

The front wheel angle,    , can be determined using Equation [3.2.2]. 

    
 

     
(           ) [3.2.2] 

The gravitation ( ), steering wheel angle (   ) and vehicle velocity ( ) can be determined by 

conventional measurements and standard vehicle sensors. However the constants and 

signals    ,      ,  ,     and         have a more interesting nature. The wheelbase     is 

non-trivial for trucks with more than two axles, but can for those trucks be approximated as the 

distance between the front wheels and the first driven rear axle (i.e. first axle that does not turn 

with the front wheels). The gear ratio       is – because of complex mechanical gearing from 

the steering wheel to the front wheels – not constant but a function of the steering wheel angle. 

This thesis does however not cover this topic fully but have instead used a linearized gear ratio 

of         , which is the normal practice on Scania CV AB.  
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3.2.2 – Estimating the under-steering coefficient and the steering wheel offset 

The under-steering coefficient,    , and steering wheel offset,        , cannot be treated as 

constant values since they will be unique for each vehicle and also change during its lifespan. 

Thus they need to be estimated. 

Combining Equation [3.2.1] and Equation [3.2.2] will give Equation [3.2.3] 

   

 

     
(           )

    
   
 
  

 [3.2.3] 

which can be rewritten into the form seen in Equation [3.2.4]. 

     [3.2.4] 

Using   [ 
 

     

   

 ],   [
       
   

] and   
   

     
 
      

 
  

Since there are two unknown coefficients (        and    ), two measurements will be needed to 

determine their value.  However, due to measurement noise it is not possible to trust these values 

but a statistical estimation method must be used to cancel the noise. Also in order to always have 

an up-to-date estimate of the under-steering coefficient and steering wheel offset, it is favorable 

to let them be estimated while driving. By assuming the noise has a flat power spectral density 

and no bias, one could argue that a good way of doing this is using the recognized least squares 

method [9],  in other words determining the coefficients using Equation [3.2.5]. 
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     [3.2.5] 

where     

[
 
 
  

 

     

      

 

  

 
 

     

      

 ]
 
 
 

,     
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  ]
 
 
 
 

 and  ̂    . 

This would however mean that all signals needs to be logged and then, for every new sampling, 

the A, b and x matrix would need to be created and the equation computed. Since this would 

result in very heavy computations and huge data storage consumption it is preferred to use a 

method more suitable for discrete time systems. For this a method called recursive least squares 

(RLS) adaptive filter is well suited (see [10] or [8] for reference). Using RLS five 

vectors/matrices need to be updated for each sampling, see Equation [3.2.6].  
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[3.2.6] 

For this to work it is necessary to initiate the covariance matrix ( ), the estimated parameters ( ̂) 

and choose a good forgetting factor ( ). The definition of the covariance matrix can be seen in 

Equation [3.2.7], where  ( ) is the expected value of  . 

    ((   ̂ )(   ̂ )
 ) [3.2.7] 

 A recommended way of initiating the   matrix is to set it according to  

     [
   
   

] where   is a dimensionless value describing the absolute accuracy of the 

initial guess of     and   is a value in radians describing the absolute accuracy if the initial 

guess of        . 

According to the formula, the larger   and   is the faster will the estimated variables change in 

the beginning of the estimation process. This has been utilized and is explained in Section 

[3.2.3]. 

The forgetting factor is used to put larger weight onto more recent data. If   is set as        

the weight on data point   for sample   will be     . Using the known sampling time,         of 

a system it is thus possible to determine what   should be used to get a desired weight,         

put on after what time according to Equation [3.2.8]. 

   
  (       )        

  [3.2.8] 

Here   is the time for which the weight is desired to be computed. This means that for example if 

it is requested that the weight on data which is two hours old should be 50% using time step of 
 

   
 ,            should be used. This choice of parameter have also proved to give a 

satisfactory compromise between how fast the estimation should adapt to new driving conditions 

while suppressing measurement noise. New driving conditions can be caused by many different 

factors such as changes in road surface or detachment of a trailer.  
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3.2.3 – Filtering unsuitable data 

An important aspect of Equation [3.2.1] that needs to be regarded is that it only covers situations 

where no external factors contribute to the yaw rate. Such factors can for example be heavy 

braking or vehicle skidding. If the parameter estimation is run on data for which the equation is 

not accurate the estimated parameters will become inaccurate. One way to counter this effect is 

to filter out samples for when there is a risk that external factors are affecting the measurements. 

Three filters have thus been developed to exclude data frames unsuitable for parameter 

estimation; these are listed below. 

1. Brake pedal position       –Braking affect the yaw rate if the brakes are not applying 

identical brake force or if the friction between the road and the right and the left wheel is 

different. Braking will also alter the under-steering dynamics of the vehicle since more 

weight will be put on the front wheels. 

2. 
 

     
|                 |            and             – If the driver tries to 

maneuver the vehicle hard and the vehicle has a significant velocity, the vehicle may 

skid. This will of course affect the yaw rate. 

3.             – If the vehicle has a very low velocity the under-steering dynamics of 

the vehicle will be suppressed and the parameter estimation should be paused, which it 

also should be if the vehicle is standing still. 

Another important method to make sure the estimated parameters are reliable is to monitor the 

diagonal elements of the   matrix of the RLS estimation, see Equation [3.2.9]. 

{
                   

 

                       
  [3.2.9] 

Since   is the covariance matrix it can be used to discover how confident RLS is of the estimate. 

Therefore if the diagonal element of   is larger than a given tolerance value, the estimation can 

be regarded as inappropriate to use and instead standard values might be more truthful.  

3.2.4 – Performance of parameter estimation 

In Figure 3.2.1 a plot of the estimated parameters can be seen together with the velocity and yaw 

rate. For the plot the initial values are           and               with         for fast 

initial convergence and the tolerances for the under-steering coefficient and steering wheel offset 

are set to                     and                           . In Section 3.3 the parameters of 

the truck denoted Truck 2 – which is the source of the log data – can be found. 
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Figure 3.2.1 – Plot of how the estimation of the under-steering coefficient (upper plot) and the 

steering wheel offset (lower plot) change during 8 hours of driving. 

As can be seen in the plot, fluctuations are occurring for the estimated parameters in correlation 

with the different spans of driving. In time spans with higher velocities (i.e. highway driving and 

few distinct turns) the under-steering coefficient seems to decrease in value while for time spans 

of lower velocities (i.e. many distinct turns) the coefficient is increasing. The following section 

will address acquired errors.  

3.2.5 – Acquiring the desired yaw rate 

Using the estimated parameters it is thus possible to calculate the estimated desired yaw rate (  ). 

Equation [3.2.3] must however first be rewritten into Equation [3.2.10]. 
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     (  
   
 
  )
(           ) [3.2.10] 

Using the estimated parameters from previous section together with corresponding logged 

signals the estimated desired yaw rate has been computed for a time span containing several 

turns, see Figure 3.2.2. In the figure the corresponding residual vector is also shown.  

 
Figure 3.2.2 – Plot of the measured yaw rate together with the estimated desired yaw rate 

(upper plot) and a plot of the corresponding residual vector (lower plot). 

The RMS error value of the entire 8 hour log seen in Figure 3.2.1 has been computed using 

Equation [3.2.12] as              while the RMS value (see Equation [3.2.11]) of the 

measured yaw rate is           .  

    √
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and for which the estimated parameters are known to be unsure – are excluded from the 

computation but that the RMS error still is significant.    

By zooming in further on a time span where the vehicle drives through a roundabout (see Figure 

3.2.3) the reason for the roughly 18% difference between measured and estimated desired yaw 

rate can be analyzed. Three important causes of the RMS error have been identified 

1. the time delay due to steering dynamics of the vehicle 

2. the steering wheel to front wheel gear ratio is underestimated  

3. the under-steering coefficient is underestimated.  

The first one is expected and is not an actual error. The second is unfortunate and is due to the 

linearization of the gear ratio. The third one can be confirmed by again analyzing the plot of the 

estimated parameters in Figure 3.2.1 it can be seen that the under-steering parameter is as 

expected increasing during this time span (about 23000s).  

 
Figure 3.2.3 – Zoom in on the measured yaw rate together with the estimated desired yaw rate 

(upper plot) and plot of the corresponding residual vector (lower plot) for when Truck 2 makes a 

left turn through a roundabout. 

By changing the forgetting factor such that the estimation is adapting more rapidly would of 
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likely become useless when afterwards driving in city traffic. A better way to further subdue 

errors would be to improve the approximation of       and eventually further analyze 

weaknesses in the yaw rate calculation (Equation [3.2.3]).  

The results however show that the estimated desired yaw rate is acceptably computed and can be 

used to estimate in what direction the driver desires to steer the vehicle. Although for accurate 

applications it might need to be revised. 

3.3 – Study of signal characteristics during maneuver 
In order to get a grip of how the signals look when a maneuver is performed and how they differ 

from a normal turn, interesting signals from log data has been studied. The data resources that 

was available for this project consists of several thousands of kilometers of driving data. This 

data has been collected by logging the communication on the electronic communication interface 

(CAN network) of several different Scania trucks and buses of various types.  

For this Master’s thesis data from two different trucks has been used (see Figure 3.3.1). In Table 

3.3.1 relevant data of these two trucks can be found. 

 
Figure 3.3.1 – Picture of the two tests trucks with Truck 1 to the left and Truck 2 to the right. 

Table 3.3.1 – Relevant characteristic data of the two trucks that that has been studied in this 

project. 

 Truck 1 Truck 2 

Model Type R-series R480 LA4x2MNA R-series R480LB6x2*4MLB 

Wheelbase               

Wheel configuration 4x2 6x2*4 
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Gearbox Manual GRS905R Opticruise (automatic) 

Chassis adaptation Truck tractor Rigid 

Allowed total weight 40000 kg 40000 kg 

As can be seen, the first truck is of shorter type while the second is roughly one meter longer. 

The wheel configuration tells that Truck 1 has a relatively simple configuration with two axles 

and a definite wheelbase. Truck 2 however have three axles where the third axle (counted from 

the vehicle front) will counter steer with the front axle giving a need for computing an effective 

wheelbase. Although because of the steering of the third axle this effective wheelbase is close 

enough to the given wheelbase for them to be treated as equal.  

In order to analyze the behavior of these trucks when driving, a number of signals have been 

identified as interesting: 

 Yaw rate (measured and estimated desired) 

 Yaw acceleration (measured and estimated desired) 

 Velocity 

 Acceleration pedal 

 Brake pedal 

In Figure 3.3.2 plots of the interesting signals from Truck 2 can be seen for a scenario where the 

vehicle is first in a left curve on a highway and then enters the exit lane of the highway (at 

2690s). After exiting the highway Truck 2 first enters a right curve (at 2708s) and then a 

roundabout (at 2718s) where it uses it to make a left turn. The yaw acceleration ( ̇) has been 

computed by using Equation 3.3.1, where       is the sampling time. 

 ̇  
       

     
 [3.3.1]. 
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Figure 3.3.2 – Plot of the interesting signals from Truck 2 for a scenario where the truck is first 

in a left curve on a highway and then enters the exit lane of the highway (at 2690s). After exiting 

the highway Truck 2 first enters a right curve (at 2708s) and then a roundabout (at 2718s) where 

it uses it to make a left turn. 

Using this log data the definitions of easy, normal and hard turns can be defined.  

 Easy turn: Typically the curve in the first part of the log (2664s to 2680s), a yaw rate of 

roughly            and a yaw acceleration up to            . As can be seen there is 

significant noise on the yaw acceleration under this time span, probably due to backlash 

effects in the steering system and high velocity. 

 Medium turn: Typically the curve after the exit of the highway (2708s to 2717s), top yaw 

rate of roughly           and top yaw acceleration of roughly            .  

 Hard turn: Typically the exit curve from the highway (2696s to 2706s) as well as the 

curve within the roundabout (2722s to 2733s), top yaw rate of roughly           and top 

yaw acceleration of roughly           .  
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3.3.1 – Examples of evasive maneuvers 

In Figure 3.3.3 and Figure 3.3.4 two examples of evasive maneuver are shown with interesting 

signals plotted. Since the footage taken by the camera also is logged, it is possible to see the 

situation as well. In Appendix A and Appendix B pictures from the camera log for these two 

maneuvers are shown. They are not from test scenario but are actual evasive maneuvers.  

 
Figure 3.3.3 – Plot of interesting signals logged from a Scania truck which is about to crash into 

a traffic cone but manages to do an evasive maneuver.  
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Figure 3.3.4 – Plot of interesting signals logged from truck 2 which does a small evasive 

maneuver in order to not crash into a vehicle in front, which slows down and makes a right turn. 

The common characteristics for these two examples of evasive maneuvers are that the yaw rate 

shows a sinusoidal form during the maneuver. It can also be seen that the yaw acceleration 

differs quite a lot between the estimated and measured signals for the second example, probably 

due to brake pedal usage and high velocity. There is also a time delay between when the driver 

starts turning the steering wheel and the point when the yaw rate sensor can sense a change in 

yaw rate. The most noteworthy characteristic that can be seen for the evasive maneuvers is the 

high estimated yaw acceleration, which is a sign of that the driver is making an act of stress.  

Available resources for this project is not only log data from thousands of kilometers of road 

traveling but also log data from tests that were done on an airfield where evasive maneuvers in 

several different velocities were tested. The tests were performed such that the host vehicle 

would accelerate to a given velocity in a path towards an inflatable car. The host vehicle would 

then perform the evasive maneuver as late as possible. In Figure 3.3.5 an example of an evasive 

maneuver from these tests is shown. These airfield tests together with the two presented real 

evasive maneuvers have supplied the project with the data necessary to identify how the typical 

maneuver is performed.  
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Figure 3.3.5 –  Plot of interesting signals logged from truck 1 which does a planned evasive maneuver on an 

airfield. 

3.3.2 – Ideal evasive maneuver 

As a way to support the process of developing a method for detecting evasive maneuvers, the 

signals of what can be regarded as an ideal evasive maneuver has been created. They are based 

on analyses performed on the data discussed in the precious Section 3.3.1 along with the 

hypothesis that  

1. The yaw rate in an evasive maneuver has a sinus shape (scenario two from Problem 

Definition)  

2. The vehicle keeps a constant velocity  

3. The driver intends to make a lateral movement corresponding to the European mean 

width of a heavy-duty vehicle plus a half meter,       [13]. 

The signals are also based on the fact that there is a delay between when the driver turns the 

steering wheel until the vehicle actually starts turning. This delay was set to            and 

will be the difference between the estimated and the measured yaw rate (the delay value is 

inspired by the logged data discussed in previous section). In Figure [3.3.5] the corresponding 

signals for the ideal maneuver are shown. Here the velocity is set to        , the duration of the 

maneuver is set to      and the top value of the yaw rate is set to          . 

202 203 204 205 206 207

-0.2

0

0.2

 

Y
a
w

 r
a
te

 [
ra

d
/s

]

 

 
Mes.LP.0.05s

Est.Des.

202 203 204 205 206 207
-2

-1

0

1

2
 

Y
a
w

 a
c
c
e
le

ra
ti
o
n
 [

ra
d
/s

2
]

 

 

Mes.LP.0.05s

Est. Des.

202 203 204 205 206 207
0

20

40

60
Velocity plot

Time [s]

 

 

Velocity [km/h]

AccelerationPedal [%]

BrakePedal [%]



22 

 

 
Figure 3.3.5 – Plot of interesting signals of an ideal evasive maneuver. The signals describe the 

motion of a point in the center of the front wheel axle of the vehicle. 

As can be clearly seen the first and most distinct sign of that an evasive maneuver is occurring, is 

the large and sudden increase in yaw acceleration. The next signs are that the desired yaw rate 

starts increasing and after the delay has played out the actual yaw acceleration and actual yaw 

rate follows the desired ones.  

3.4 – Erroneous classifications 
When classifying maneuvers it might not be possible to get a perfect result, which is because 

there are situations that might fool a created system to think it is an evasive maneuver. Examples 

of maneuvers that have been found to show similar signal characteristics in its first phase 

(defined in the Problem Definition) as an evasive maneuver are 

1. 90 degree turn or similar, e.g. when turning of a fast onto a slower road. 

2. Entering a round-about in relatively high velocity. 

3. Lane change on a fast road 

4. When driving on a fast road it happens that the driver accidentally get too close to the 

road marking, when the driver compensates it can seem as an evasive maneuver. 
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It is desired that the number of false alarms should be minimal but most importantly is that no 

false alarm occurs when a rear-end collision is pending. Out of these four examples the first two 

are not as hazardous if they give a false alarm, which is primarily because the AEB system does 

not function that well for these situations (due to horizontal view angle limitations in both 

camera and radar). For the third example it is okay if the actual lane change gets classified as an 

evasive maneuver since a lane change in some sense actually is an evasive maneuver. However it 

is important that the duration of the classification is restricted to the actual lane change maneuver 

and as such does not affect AEB system performance on the new lane.  Erroneous classification 

of the fourth example however is hazardous because the reason for why it is occurring is that the 

driver has not full focus. Also it can be argued that if the fourth example becomes erroneous 

classified, the method is too sensitive. 

3.5 – Methods for detecting evasive maneuver 
Three methods has been developed which can be utilized to detect evasive maneuvers.  

1. Predict Collision Method 

2. Point System Method 

3. SVM Method 

3.5.1 – Method 1: Predict Collision 

An intuitive way to make this detection would thus be to continuously monitor if the vehicle is 

on a collision path with another vehicle and if the driver is performing a steering maneuver 

which would avoid a collision. This can be done by approximating the path of the host vehicle 

and the path of the target vehicle using Euler forward          ̇      , where       is the 

sampling time. 

Assuming that – what can be regarded as – standard vehicle sensor data are available, the host 

path can be predicted using Equation [3.5.1]. See Figure 3.5.1 and Table 3.2.1 for an 

explanation of all notations.  

{
 
 

 
 

               
                 

        (       ) (        )

               (    )         (    )    
               (    )          (    )    

 [3.5.1] 

where x(n), y(n) and  (n) are the states which describe the relative distance between the current 

position of the vehicle’s front and where it supposedly will be at the time corresponding to the 

n:th iteration, see Figure 3.5.1. Here    is the deceleration due to braking. 



24 

 

 

Figure 3.5.1 – Sketch of host vehicle with lengths and positional states defined. 

The   value is the additional distance the front will be displaced because the center of rotation of 

the vehicle in reality is a point in front of the rear axle. A explanation of how to compute the 

location of the vehicles center of rotation can be found in [1], it however also requires 

knowledge of the vehicles mass, center of gravity and front cornering stiffness (see also [7]). For 

the proposed solution this phenomenon is neglected because of the difficulties to include this. It 

is however to be remembered that the yaw of the vehicle does not get affected by   and the most 

important contribution to   and   position is from the velocity and yaw.  

Each of the x, y and   states are reset for each start of a path prediction (Equation 3.5.2). 

      ,      = 0,        [3.5.2] 

Similarly a prediction of the path of the target can be done. However because there is no access 

to the target vehicles internal variables the radar and camera has to be used to determine signals. 

Because the radar is good with determining absolute distance and relative velocity while the 

camera is good with determining lateral position and width, it is possible to assume both the 

relative position (   and   ) and the relative velocity can determined with acceptable accuracy. 

By utilization the Doppler Effect on the radar it is also possible to derive the relative acceleration 
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with acceptable accuracy. This difference in available signals makes it necessary to use a slightly 

different concept to predict the path of the target, see Equation [3.5.3]. 

{

 ̇       ̇     ̈          
             ̇          
             ̇          

 [3.5.3] 

By knowing the length and width of the host vehicle, it is possible to compute the coordinates for 

its boundaries at every time frame. For the target the width is measurable but its length is not, 

meaning that it has to be regarded as an object with a certain width but with length zero. This 

however does not imply any problems when it comes to rear-end collisions since what is 

interesting is if the host vehicle will run into the rear of the target. If for any time frame the line 

of the target object intersects the boundaries of the host vehicle a collision has occurred. In 

Figure 3.5.2 there is a plot of an example case where the host vehicle rear-end collides with a 

target that is slowing down.  

 

Figure 3.5.2 - Plot of a number of predicted time frames where the host vehicle (the large 

square) rear-ends collides with the target object (the horizontal line). The color of the squares 

and lines symbolize which are from the same time frame, also time for host vehicle is written to 

the left and time for target object is written to the right.  



26 

 

Depending on which of the estimated desired or measured yaw rate is used to predict the host 

vehicles path, it is possible to draw conclusions also on the probability to successfully perform 

the evasive maneuver. Using the measured yaw rate the results will reflect reality, while if using 

estimated yaw rate the results will reflect driver intention. This means there are four different 

combinations of predictions (see Figure 3.5.3): 

 
Figure 3.5.3 – The four different combinations of results given from the Predict collision 

method. 

A. Both predictions says there will not be a collision 

B. The estimated desired yaw rate prediction says there will be a collision while the 

measured says it will not be 

C. The estimated desired yaw rate prediction says there will not be a collision while the 

measured says there will be. 

D. Both predictions says there will be a collision 

For combination A the AEB system should be activated because there does not seem to be a 

response from the driver, for combination B the AEB system should not interfere since it seems 

as if a maneuver is performed such that the danger is avoided. Combination C is however 

complex and a deeper investigation will be needed to understand what it would imply. 

Combination D is the interesting case where the driver is too late to perform the maneuver. This 

might in some cases simply be temporary and be due to the delay caused by the dynamics of both 

yaw rate sensor and vehicle suspension. It is however also the very hazardous case where the 

driver requested yaw-rate is greater than what is possible under the given circumstances, 

implying that the driver is performing an unsuccessful evasive maneuver.  

The approach of using the steering wheel and yaw rate sensor to predict the paths whether or not 

a collision is imminent and whether or not an evasive maneuver is being performed however has 

a few drawbacks.  
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1. The method can only output four different values meaning that it has a lack of flexibility 

in the decisions (it is either black or white), meaning it is important that the method is 

confident in the output it provides.  

2. The combined errors of the camera and radar measurements, the yaw rate measurements 

and the desired yaw rate estimation will sum up to a relatively large uncertainty. This 

drawback becomes even more important due to the high accuracy needed for suppressing 

the previously mentioned drawback. 

3. The method is abundantly dependent of the complex sensor fusion of the camera and 

radar. Also since the AEB system is already utilizing the sensor fusion to make decisions; 

it can be argued that the intelligence added to the AEB system by this method already 

exists or should exist there. 

4. In order to compute the paths and determine if the host vehicle will collide with the 

vehicle in front (target), and iterative method has to be used. This method will have to, 

for each prediction iteration, compute if the host vehicle is colliding with the target 

vehicle. These computations cannot be regarded as light for a microcontroller but would 

imply a considerable computation load. 

Among the positive sides of this approach is that it is a purely physical model which easily can 

be set up for different types of vehicles simply by having an understanding of their dimensions 

and dynamics.  

3.5.2 – Method 2: Point System 

Another approach upon detecting an evasive maneuver is to change the question formulation into 

monitoring individual signals and detect typical characteristics suggesting that the driver is 

making an evasive maneuver.  

3.5.2.1 – Yaw rate 

In the examples of hard turns and evasive maneuvers which were shown in Section 3.3.1 as well 

as in the other log data that has been analyzed, the amount of the yaw rate shows an interesting 

behavior. The maximal yaw rate in the maneuvers is significantly smaller than what is 

achievable by the vehicle. This is because the yaw rate takes time to build up and there is often 

not time enough to both evade the crash and turn back to evade crashing into something else. A 

characteristic indicating that an evasive maneuver is occurring is thus that the yaw rate is within 

a certain span. As illustrated in Figure 3.5.4 this span is described by that the yaw rate is larger 

than an amount normally occurring in a road curve but less than an amount occurring in a hard 

turn.  

 
Figure 3.5.4 – The different spans of yaw rates. 
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3.5.2.2 – Yaw acceleration 

In order to make a decent evasive maneuver it is necessary to turn the steering wheel rapidly. 

The yaw acceleration is proportional to the speed the driver is turning the steering wheel and is 

thus an interesting signal. By differentiating the yaw rate the yaw acceleration is acquired. The 

formula used to differentiate can be seen in Equation [3.5.4]. This formula is known as Central 

Differentiation and can be used when a more reliable differentiation is required than what Euler 

forward or backward can provide.  

 ̇    
 

 
(
 ( )  (   )

 ( )  (   )
 
 (   )  (   )

 (   )  (   )
) [3.5.4] 

Using central differentiation it is however not possible to estimate the current derivative but the 

derivative from the previous sampling time. Although if assuming the sampling rate is high the 

approximation in Equation [3.5.5] can be done. 

 ̇     ̇  [3.5.5] 

As was seen in Section 3.3.2 the yaw acceleration is the signal that shows the first sign of that an 

evasive maneuver is initiated. Even though the acceleration in the ideal case is not completely 

representing reality it is a fact that it will need to be large in order for the maneuver to be 

successful in an emergency situation. The sign of the acceleration is however not relevant and 

the signal that should be analyzed is thus the absolute value of the yaw acceleration.  

3.5.2.3 – Velocity 

The speed for which an evasive maneuver occurs can also be assumed to be relatively large. The 

motive for this assumption is that if the vehicle is moving slowly relative the speed which it is 

constructed for the braking distance will be short and the probability that the driver will perform 

an evasive maneuver and not just try to emergency brake is significantly reduced. On the other 

hand if the vehicle is traveling in the higher velocity regions the probability of that the driver will 

perform an evasive maneuver is increased.  

3.5.2.4 – Direction indicators 

As a way to differentiate hard turns and lane changes from evasive maneuvers, it is possible to 

use the direction indicators. This is based upon on the assumption that the driver will not use the 

direction indicators when performing an evasive maneuver and can be used to reduce the number 

of false classifications.  

3.5.2.5 – Target identified 

Another way of making use of the sensor fusion of camera and radar, unlike in Section 3.5.1, 

would be to treat situations when a vehicle in front is unsafely close as a situation for when there 

is an increased probability that an evasive maneuver will be performed.  
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3.5.2.6 – Signal utilization 

Monitoring only one of the previously mentioned signals is not sufficient to be able to with 

confidence classify a situation as an evasive maneuver. However by monitoring all signals 

concurrently it is possible to make use of the best out of each signal. An proposed methods is 

thus to use weight functions to monitor each interesting signal and let each weight function 

return a point value. Then all weight functions can be summarized and the sum of the weight 

points will reflect if an evasive maneuver is performed or not. 

For the proposed point system three different kinds of weight functions have been designed. 

They are based on the concepts of low pass, high pass and band pass filters. The three filters are 

described in Figure 3.5.5.  

 
Figure 3.5.5 – Plot of the describing parameters and behavior of the three weight functions; 

Low pass function (left plot), high pass function (middle plot) and band pass function (right 

plot). 

The principle of the weight functions is that their input is a signal value,  , and if that input is 

equal to its typical value, denoted   , it will output its maximal output value,  . Depending on 

which weight function is used there will be a different behavior if the signal is smaller or larger 

than the typical value.  

 The low pass weight function,     ( ), will output the maximal value if the input is less 

than the typical value,     . For input values larger than the typical value the output will 

decrease linearly until input is equal to the max value,     , for which the output will be 

zero. For all values larger than      the output will be equal to zero.  

 The high pass weight function,     ( ), will output the maximal value if the input is 

larger than the typical value,     . For input values smaller than the typical value the 
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output will decrease linearly until input is equal to the min value,     , for which the 

output will be zero. For all values smaller than      the output will be equal to zero.  

 The band pass weight function,     ( ), will output the maximal value if the input is 

equal to the typical value,     . For input values smaller than the typical value the output 

will decrease linearly until input is equal to the min value,     , for which the output will 

be zero. For all values smaller than      the output will be equal to zero. For input values 

larger than the typical value the output will decrease linearly until input is equal to the 

max value,     , for which the output will be zero. For all values larger than      the 

output will be equal to zero.  

3.5.2.7 – Choosing weight functions 

This concept of detecting evasive maneuvers is based upon using the weight functions such that 

they give higher values when a signal is showing a characteristic corresponding to that of an 

evasive maneuver. The description of how parameters should be chosen will refer to definitions 

of easy and hard turns respectively evasive maneuvers which were discussed in Section 3.3. 

Yaw rate 

Starting with the yaw rate it was previously stated that the typical yaw rate for an evasive 

maneuver is within a certain span. Therefore a band pass weight function is well suited. However 

since a high yaw rate will imply that a hard turn is being performed, also a high pass weight 

function which gives negative points for the high yaw rates should be used.  

Function 1 (  ): Band pass weight function with yaw rate input  

      chosen such that easy road curves does not give points. 

      chosen such that it is equal to the most common top value of an evasive maneuver. 

      chosen a little larger than the top boundary of typical evasive maneuvers. 

Function 2 (  ): High pass weight function with yaw rate input and negative output 

     chosen such that it is equal to the lower boundary of hard turns, which is a slightly 

lower than the upper boundary for evasive maneuvers. 

      chosen such that it is equal to the lowest a yaw rate which definitely is too high to be 

an evasive maneuver.  

Since there are two different yaw rates available (measured and estimated desired), which signal 

is most usable also has to be determined. However, because the goal is to determine the driver’s 

intention the estimated desired yaw rate is most relevant and should be used with both functions.  

Yaw acceleration 

As mentioned earlier, the most distinct characteristic of an evasive maneuver is that the steering 

wheel will be turned rapidly. Since angular velocity of the steering wheel and the yaw 
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acceleration are proportional a high pass weight function is well adaptable. However both the 

signals measured yaw rate and estimated desired yaw rate are available and should have their 

own weight function, which are configured with similar reasoning.  

Function 3 (  ) and Function 4 (  ): High pass weight function with measured yaw rate 

respectively desired yaw rate input.  

      chosen such that no points are given for easy and medium road curves, but for 

everything more rapid than that.  

      chosen such that it is equal to a yaw acceleration which is too high to be turn.  

Velocity 

In order to match the earlier description of characteristics of the velocity signal with weight 

functions, two weight functions can be used. One of these is to give points for higher velocities. 

One is to give negative points for low velocities. 

Function 5 (  ): High pass weight function with velocity input 

      chosen at about        .  

      chosen at about        . 

Function 6 (  ): Low pass weight function with velocity input 

      chosen at about       . 

      chosen at about        . 

Direction indicators 

Because this method is based upon vehicle dynamics it is not intuitive to take direction indicators 

into consideration. Principally there is no difference between an evasive maneuver and a line 

change or a turn. Therefore this signal is excluded from this method but is suggested as 

something that should be considered by a system employing the output of this method. 

Target identified 

The intention of this method is that it should complement a system employing sensor fusion of 

camera and radar to do correct decisions. It will definitely already make use of the sensor fusion 

output to match it with this method that detects evasive maneuvers. If the method for detecting 

evasive maneuvers is dependent of and uses the sensor fusion output, hidden hazardous 

redundancy might occur. It is hazardous because it might happen that both systems fail when one 

fails. I.e. by not utilizing the target identified signal – and making it function without it; 

dependencies are limited.  

3.5.2.8 – Low pass function for individual weight functions 

An issue of these weight functions is that, for example, if the yaw acceleration changes fast it is 

difficult to get a proper classification during the entire evasive maneuver. I.e. it might be desired 
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that the weight function shall keep on giving a point value for an extended time while still have a 

fast response. This has been solved by creating a low pass function which has different time 

constant depending on if the signal is increasing or decreasing in value. In Equation [3.5.6] the 

low pass function is defined.  

{
   

       

          

  
         (    )    

  
 [3.5.6] 

Here    is the time for which signal    arrived,    is the filters time constant and   
   is the 

output of the filter. The time constant of the filter shifts between two different values according 

to Equation [3.5.7].  

    (       
  )  {

          
  

          
   [3.5.7] 

3.5.2.9 – Choosing filter constants for weight functions  

The weight functions which make use of the yaw rate and yaw acceleration are also designed 

such that they have the created low pass function built in, i.e. functions   ,   ,    and   . The 

reasoning for choosing these filters’ time constants is that they should allow a fast increase in 

outputted point values, but slow down a decrease in outputted point value.  

   and    inputs yaw rate and the intention is that    should suppress    if the yaw rate gets too 

high to be a typical evasive maneuver. However in order for the yaw rate to reach a large amount 

it first has to cross the yaw rate span for which evasive maneuvers are performed, meaning that 

points first will be added by    and points then will be subtracted by   . By delaying the points 

from    this phenomenon can be suppressed, although with the cost of also delaying points from 

   for the summarization. With a small enough delay the negative effects are however tolerable 

and also a noise suppressing effect is gained. For decreasing point values the delay should be 

chosen such that points are outputted about as long as an evasive maneuver is performed.  

Regarding    and    which inputs yaw acceleration, it is important that the points value can 

increase fast. Also it is preferred that points are outputted about as long as an evasive maneuver 

is performed. However for function    which inputs measured yaw acceleration, measurement 

noise is a reason for setting a slightly higher time constant for both increasing and decreasing 

point values than for   . 

3.5.2.10 – Summarization 

In order to get a final decision the sum of all points,    from each weight function is computed 

according the Equation [3.5.8].  
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   ∑       
 
    [3.5.8] 

If the sum is larger than a given value (         ), the situation should be classified as an 

evasive maneuver. I.e. the     sample is considered an evasive maneuver if             . 

Also for the summarization the low pass function should be employed. Which is useful both to 

make the classification cover the whole duration of the evasive maneuver and to suppress noise 

from the monitored signals. 

The   values are used to weight the different weight functions against each other. When 

choosing the   values the chosen            must be taken in regard. Since the yaw acceleration 

is the most distinct signal,    and    should have the largest   weights, they should also be able 

to trigger an evasive maneuver without help from other weight functions. The functions    and    

which inputs yaw rate should not be able to trigger an evasive maneuver alone but simply lessen 

the burden for    and   . Large yaw rates should significantly affect total points but not make it 

impossible for an evasive maneuver classification to occur. Very low velocities should severely 

affect the point sum but only decrease a little for close mid-velocities (        ). High 

velocities should carefully add points to lessen burden for other weight functions, but not affect it 

too harshly. The process of choosing these K values is an iterative process. 

3.5.2.11 – Chosen parameters for Truck 2 

The parameters for the weight functions were chosen by using the presented guidelines while 

iteratively analyzing the results. The intention was to minimize the number of false alarms while 

making sure all logged evasive maneuvers values were caught. In Table 3.5.1 all parameters can 

be found. The   values that can be seen were chosen with regard to the choice of           

   .  

Table 3.5.1 – Table containing all the chosen parameters for the Point System Method. 

# Input signal Weight function type K                   [s]    [s] 

1    [rad/s] Band pass 0.20 0.13  0.08  0.25  0.2 1.0 

2    [rad/s] High pass -0.38 0.30  0.14  - 0 1.0 

3  ̇ [rad/s^2] High pass 0.55 0.24  0.08  - 0 0.5 

4  ̇ [rad/s^2] High pass 0.35 0.28  0.10  - 0.2 0.6 

5 u [km/h] High pass 0.12 70  40  - - - 

6 u [km/h] Low pass -0.40 15  - 35  - - 
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For the summarization function, the time delays was chosen as          and        .  

The log data analyzed for determining the parameters is primarily log data containing nine 

evasive maneuvers, which were logged from tests performed on an airfield. While making sure 

all evasive maneuvers were detected some log data from normal driving was used to make sure a 

minimal number of misclassifications was done, especially if occurring when the driver is not 

making a planned maneuver. Planned maneuvers include medium and hard turns as well as 

driving through roundabouts. This log data which was used was logged from Truck 1. 

3.5.2.12 – Performance of point system method 

As can be seen in Figure 3.5.6 all evasive maneuvers that were performed during tests at an 

airfield were detected by the point system method. The two false alarms at 180s and 380s are 

unfortunate but occur due to cuts in the log file and as such they are not due to defects in the 

point system method.  

  
Figure 3.5.6 – Plot of yaw rate for a log recording from tests performed at an airfield together 

with the nine evasive maneuvers marked (in between black lines) together with the point system 

classification of evasive maneuvers (red dots). 

In Figure 3.5.7 a plot from normal driving on road can be seen together with classifications by 

the point system method. In this log one evasive maneuver exist which gets detected. However 

also two false alarms occur; the first is     after the evasive maneuver and is due to a badly 

placed traffic cone which forces the driver to make a fast small turn. The second is due to that the 

driver performs a left turn in a roundabout. The evasive maneuver is performed to escape 

running over a traffic cone which at first is not observed by the driver.  
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Figure 3.5.7 – Plot of the yaw rate for a log recorded from normal driving with Truck 1 

containing one evasive maneuvers which is marked (in between black lines) together with the 

point system classification of evasive maneuvers (red dots). 

The two just mentioned logs have been used to choose parameters for the point system. They are 

both logged from Truck 1. As a way of verifying that the point system method has a satisfying 

performance, it was also been tested using log data which has not been calibrated for. The results 

are shown in Figure 3.5.8. This log data is logged from Truck 2, which except of being one 

meter longer also has a third – steered – axle (the third axle counter steer with the front axle to 

minimize its effect on steering).  

 
Figure 3.5.8 – Plot of the yaw rate for a log recorded from normal driving with Truck 2 

containing no evasive maneuvers but with false point system classifications of evasive maneuvers 

(red dots). 

The result of the verifying tests of the point system is that no evasive maneuvers were missed 

and out of all situations which got classified as evasive maneuvers; 

 11 situations were actually driving in a roundabouts 

 7 situations were actually hard turns 

 1 situation was a scenario similar to an evasive maneuver in the sense that a road obstacle 

was avoided 

 1 situation actually were a log cut 
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 1 situation was an actual evasive maneuver, what is happening is that a car in front is all 

of a sudden slowing down to make a right turn and the driver of the truck avoids an 

accident by performing an evasive maneuver. 

To conclude, none of the situations which got classified as an evasive maneuver were hazardous 

but indication of the driver maneuvering the vehicle aggressively.  

The drawbacks of the point system method are that there are many parameters that has to be 

chosen and that it is easy to fool by simply turning the steering wheel rapidly. It is however a 

robust method which has proved to work with the same parameters even for significantly 

different trucks.  

3.5.3 – Method 3: Support Vector Machine 

The third method that has been evaluated is the Support Vector Machine (SVM) [3] which is an 

algorithmic approach to the problem of classification, a concept within the larger context of 

Machine Learning. It is used in computer science to let a statistical method analyze data and 

recognize patterns for how a set of input data (training data) relate to a set of desired output. The 

algorithm will compute a model, which then is used to classify new input data.  

3.5.3.1 – SVM for classifying situations 

In Matlab there is built in SVM training and SVM classifying functions implemented. The 

training function basically just takes a matrix with an arbitrary number of input signals in the 

columns together with a vector representing what class each row of the input matrix represents.  

This SVM approach was tested by classifying data containing evasive maneuvers and then use 

the training function to build a model. Several different tests were done with different input 

signals and two different classification approaches. The evasive maneuvers were defined and 

classified in two different ways. 

1. The whole time span from start of maneuver till end of maneuver 

2. The time span from start of maneuver till when estimated desired yaw rate first reaches 

its top value. 

The input signals that were chosen to represent input data in the performed tests were several 

different combinations consisting of 

1. Measured yaw rate 

2. Estimated yaw rate 

3. Measured yaw acceleration 

4. Estimated desired yaw acceleration 

5. Vehicle velocity 
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6. Change in measured yaw rate since     seconds ago. 

7. Change in estimated desired yaw rate since     seconds ago. 

8. Change in measured yaw acceleration since      seconds ago. 

9. Change in estimated desired yaw acceleration since      seconds ago. 

where    ,    ,      and      were equal to several different values in between 0 and 1 second.  

No matter what combination of input signals and type of classification that was used, no useful 

results were acquired. Either there were no convergence or the evasive maneuvers got severely 

misclassified. Both a linear kernel and a quadratic kernel were tested, with different fractions of 

violated variables tolerated.  

3.5.3.2 – SVM combined with weight functions 

A variant of the SVM approach is to instead of using raw signals as input data use the output of 

the weight functions in the Point System as input to the SVM classification. Using this method 

there is no need for any   values and summarization since SVM will replace the need of it. This 

approach proved to be much better and have not suffered of the same problems of model 

convergence. In Figure 3.5.9 a plot of the yaw rate from a log file containing       of driving 

on road combined with a      log containing nine evasive maneuvers is shown together with 

how they get classified according to the definition in this thesis of an evasive maneuver, the 

point system and the SVM combined with weight functions. This SVM model was trained with 

the same data. As can be seen the results are promising with all evasive maneuvers classified 

correctly by both functions. There are however nine occurrences of false alarms given by the 

SVM method combined point system (six are easily seen in the figure but there are actually nine 

in total). The point system performs better with two false alarms (at ~810s and ~1860s); the first 

is only erroneously classified by the point system, and is due to a roundabout. The second is 

erroneously classified by both the point system and the SVM combined with weight functions. 

What is happening is that the vehicle is traveling in roughly          when it gets too far to the 

right and the driver performs a quick compensation to get into a better lane placement. The 

reason for why the point system triggers is that the top yaw acceleration is           , which is 

in level with hard turns, while in an significant velocity.  
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Figure 3.5.9 – Plot of yaw rate for a sequence containing both normal driving and airfield tests 

of evasive maneuvers. Classifications of evasive maneuvers are done by the definition in this 

thesis (in between black line), by the Point system (red fat line) and by the SVM combined with 

weight functions (black fat line) marked. 

  
Figure 3.5.10 – Plot of yaw rate for two different sequences classified as evasive maneuvers by 

the definition in this thesis (in between black line), by the Point system (red fat line) and by the 

SVM combined with weight functions (black fat line) marked. 

In Figure 3.5.10 two of the evasive maneuvers performed on the airfield are zoomed in. Here it 

be seen that the SVM model almost perfectly classifies the evasive maneuver in the left side of 

the figure, while the evasive maneuver to the right is too restrictively classified. The Point 

system also does a quite good job although it can be seen that the point system is less restrictive 

than the SVM model for these two maneuvers.  

3.5.3.3 – Drawbacks of an SVM method 

Because SVM is a huge concept within the context of Machine Leaning, it is too much 

knowledge to fully grasp under the course of this Master’s thesis and also very hard to discuss 

briefly. There are many different ways to configure the SVM training function in order to make 

it converge and make sure it does not become overfitted. Experimenting with the built in Matlab 

function it was found that a Quadratic kernel was best suited, which is much because it has the 

concept of Soft Margin built in (i.e. allows some variables to be misclassified).  
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Using [3] and [12] as resources while analyzing the SVM model that was created, it can be 

discovered that the Matlab SVM training function for this training set has chosen 1210 six-

dimensional support vectors to compute 1210 Lagrange multipliers. In order to classify a new 

sample of input data, all support vectors and Lagrange multipliers will be used as parameters to 

make the computation. For a microcontroller of today this is a substantial data amount and also 

to use all these parameters for computations in every sampling period is exceptionally 

computationally heavy compared to the Point system approach. Another drawback is that all 

these parameters are unintuitive; in this example the SVM model is shown to be too restrictive 

when classifying and as how SVM works there is no intuitive way to make the model less 

restrictive.  

3.5.4 – Choosing the most appropriate Detection Method 

Comparing the three proposed methods it can be concluded that the point system method is the 

method which has the least concerning drawbacks. Compared to both the other methods the point 

system method is the most computationally lightweight and is the most robust method. Although 

if putting much more time into the SVM approach it might be possible to develop a SVM model 

which would better classify evasive maneuvers than the point system method. This would 

however also require much more training data, but even if that was available the fact remains 

that SVM will require significantly much more computational resources than the point system 

method.  

The predict collision method is good because it is based upon physical laws to make 

computations and come up with a verdict regarding classification. The drawbacks of it (discussed 

in Section 3.5.2) are however too substantial for it to be regarded as better than the point system 

method. 

The point system method has thus been chosen as the method which will be further developed to 

be able to be implemented on a Scania truck.  

3.6 – On-board implementation of point system method  
Because Scania AB CV is using model based programming through the code auto-generation 

capabilities of Simulink, a Simulink model has been created with the important parts of the 

method implemented with the use of Matlab Function Blocks. These blocks allow Matlab script 

functions to be converted into C-code. An issue of this is that many built in Matlab functions 

cannot be used because the necessity of including large Matlab code-libraries for them to work. 

Another issue is that Matlab’s hidden data type conversions and vector/matrices size changes 

cannot be used together with auto-generation of C-code. The created code is therefore written 

with the constraints of not using the helpful Matlab functionality and with minimal usage of built 

in functions.  
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In Figure 3.6.1 the created Simulink model is shown. The input to the Simulink model is coming 

from a Simulink signal bus and from constant blocks. The bus is from the electronic 

communication interface supplying the most recently measured  

 Velocity 

 yaw rate 

 steering wheel angle  

 brake pedal position 

while the constant blocks supplies the  

 low-pass filter constants 

 sampling time (     )  

 vehicles wheelbase  

 the gear ratio from steering wheel to front wheel (     ).  

Although basically the Simulink model consists of three important blocks for calculations, in the 

following subsections there are explanations of them. 
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Figure 3.6.1 – The Simulink model. 
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3.6.1 – Simulink block estimateYawParam 

This block contains the method for estimating the desired yaw rate of the driver. It contains the 

concepts explained in Section 3.2.2 and in Section 3.2.3 which basically is the model of how to 

convert how yaw rate is computed using signals such as vehicle velocity and steering wheel 

angle together with the RLS method for estimating the under-steering coefficient (   ) and 

steering wheel offset (       ).  

3.6.2 – Simulink block estimateYawRate 

Using the two parameters which are outputted by the estimateYawParam block, this block 

computes the estimated desired yaw rate using Equation 3.2.10 which is discussed in Section 

3.2.5. Notable is also that the parameters received from the estimateYawParam block is run 

through low pass filters. This is because it is not desired that the computed yaw rate should have 

large fluctuations due to parameter fluctuations, which is important for the differentiation that is 

done of the estimated desired yaw rate.  

3.6.3 – Simulink block isEvamanourWei 

This is the block that contains the Point system computations, i.e. it inputs interesting signals and 

computes a point sum which – if large enough – will classify the sampling as an evasive 

maneuver. All computations are described in Section 3.5.2. Notable is also that the point value 

output (“prob”) is run through a logic operator block which outputs if it is larger than    . Here 

    is the value chosen to represent the point boundary (         ) for what point values should 

be classified as evasive maneuvers. 
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4 – Discussion 

The results in section 3.5.2.12 show that the Point System Method is fulfilling the expectations 

of detecting evasive maneuvers. It also does this while fulfilling the requirements of not making 

unnecessary or redundant use of complex sensors and it consumes little computation and storage 

resources. Three important issues have though been identified for this approach;  

1. misclassifications (false alarms) 

2. large amount of parameters  

3. over-fitting of parameters. 

Regarding the first issue; misclassifications are acceptable if it can be determined that the false 

alarms will not fool the system which make use of the classification, in this case the AEB 

system. The idea is that whenever the Point System Method detects an evasive maneuver, the 

AEB system is to cancel any vehicle interaction. In this sense it only becomes hazardous if the 

misclassification occurs when the conditions of the AEB system are fulfilled for vehicle 

interaction. The misclassifications which are found to be done by the Point System Method are 

due to  

 Roundabouts 

 Hard turns 

 Well marked obstacles on the road 

 Log data malfunctions 

None of these misclassified situations are regarded as hazardous since they all are due to errors 

in the log data or distinct maneuvers performed by the driver. For the latter the driver has with 

large assertiveness performed these maneuvers and as such the driver has – for each of the 

situations – proved he is control of the vehicle. However, misclassifications are always 

undesirable and the choice of weight functions and their parameters are performed to minimize 

the amount of misclassifications. 

Regarding the second issue it is more acceptable to have a large amount of parameters if there 

are straightforward ways of determining them or if they do not have to be adjusted for each 

vehicle type. For this reason the input signals to the Point System Method are chosen with regard 

to minimize coupling between weight function parameters and specific vehicle types. This has 

for example been done by computing the desired yaw rate instead of using raw steering wheel 

angle when determining the driver intention. The parameters of the yaw-rate and yaw-

acceleration weight functions are however still coupled with the wheelbase of the vehicle, which 

is because a vehicle with a large wheelbase will have to turn more than a vehicle with a short 

wheelbase to acquire the same lateral movement.  
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By using a method that is based upon detecting signal characteristics, there is however also a risk 

of over-fitting the model with the training data. This issue, the third issue, has been countered by 

choosing parameters for the function using log data from one vehicle and verifying that the 

parameters are useful by using log data from another truck. This however is not a definite proof 

of that the model would work as expected for a third and a fourth truck, although it is promising 

results.  

The Predict Collision Method does not suffer from this third issue since it uses physical laws for 

making decisions. It also does not share the same second issue since parameters can be 

computed, assuming there is a good physical knowledge of the specific vehicle. Instead the 

important issue of this approach is that it will need accurate calculations and therefore also 

accurate measurements, which is difficult to get. In section [3.2.5] it was shown that the RMS 

error between measured and estimated desired yaw rate is 18% of the RMS of the measured yaw 

rate. Although dynamics of the vehicle prohibits this value to reach 0% it can by analyzing the 

residual vector be ascertained that the largest contribution to the RMS error is the error in the 

steering wheel to front wheel gear ratio. This contribution to the RMS error is probably even 

larger than 50%, meaning that there is great room for improvements. 

Another issue of the Predict Collision Method is that it suffers from needing much more 

computational resources compared to the Point System Method. Although this might be 

reasonable to consent since predicting the path of the vehicle by utilizing the steering wheel 

input is likely to be interesting also for other functions in the AEB system. 

The use of an established classification method, such as a Support Vector Machine, for detecting 

evasive maneuvers is an interesting approach. The reason for this is that there are plenty of 

published articles and books available to read for learning how to optimally make classifications. 

This is however also a very time consuming approach which will require a good knowledge in 

the chosen statistical method. For this project with requirements of finding a computationally 

lightweight method, SVM was ruled out. Although it cannot yet be concluded that there are no 

other statistical classification method which would satisfy the requirement of this project, 

especially the requirement of being computationally lightweight.  
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5 – Future work 

The most important weakness of the proposed Point System Method is that many parameters 

have to be determined for it to work. This is also a weakness of the Predict Collision method 

which needs extensive knowledge of vehicle dynamics parameters to work properly, though with 

the advantage that these parameters can be computed. The path prediction however would get 

greatly improved if completed with a proper analysis of  

 the vehicle’s center of rotation 

 the effective wheelbase  

 transformation function for computing front wheel angle using steering wheel angle 

 delay between driver turning the steering wheel and vehicle response 

This prediction can then advantageously be used for also other parts of the AEB system since it 

enables an accurate prediction of the vehicles path using steering wheel input, possibly much 

better than what the radar prediction can.  

As a way to improve the Point System Method, the output from the improved predict-collision-

method can be used in a 7
th

 weight function. This way the advantages of both methods can be 

utilized. 

Due to the limitations in time for developing the Point System Method, much testing is still left 

to do. The parameter estimation have been successfully performed on 27000s logs but which 

does not for example contain an extremely long highway-driving scenario. Extreme cases such as 

these still remains to be tested, and much likely there will be a need for making sure the 

parameter estimation is still reliable if this happens.  

The proposed parameters causes many misclassifications, work has been done to make sure it 

does not occur when it really should not but to be sure about this much more testing has to be 

done.  

It has been shown that the proposed parameters perform well for both the two trucks that were 

tested, even though the effective wheelbase of these two differs roughly one meter. It would 

however be interesting to see if the parameters will hold also for a bus, which has a much longer 

wheelbase. Most likely the max, min and typical values for the yaw-rate and yaw-acceleration 

weight functions will need to be increased. This because the increase in wheelbase will make a 

higher yaw rate necessary to get the same lateral movement along a road.  
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Appendix A – Truck 1 performing evasive maneuver  

Performing it to avoid colliding into a traffic cone. 
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Appendix B – Truck 2 performing evasive maneuver  

Performing it to avoid colliding into a car which is slowing down to make a right turn. 
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